We use non-parametric distribution dynamics techniques to reassess the convergence of per capita personal income (PCPI) across U.S. states and across metropolitan and nonmetropolitan portions of states for the period 1969-2005. The long-run distribution of PCPI is bimodal for both states and metro/nonmetro portions. Furthermore, the highincome mode of the distribution across metro and nonmetro portions corresponds to the single mode of the long-run distribution across metro portions only. These results (polarization or club-convergence) are reversed when weighting by population. The longrun distributions across people are consistent with convergence. Migration and urbanization are the forces behind convergence.
Introduction
The study of convergence of living standards across countries and within a given country is one of the most important and fascinating issues in economics. Geographical units within a single country represent the best-case scenario for the convergence hypothesis, 1 i.e., that poorer geographical units tend to grow faster than richer ones and eventually catch up. Regions, states, departments, or prefectures share the same legal institutions, currency, and a significant part of fiscal policy; productive factors, capital and labor, can move freely. In many countries, they share the same language and cultural heritage. We analyze convergence within the U.S. along three dimensions: across states (and people therein), across metropolitan and nonmetropolitan portions of the states (and people therein), and in time.
We reassess the convergence of per capita personal income (PCPI) across U.S. states for the period 1969-2005 by using non-parametric distribution dynamics techniques. In this setting, a unimodal long-run distribution is interpretable as evidence of convergence. Notice that our approach assumes that within each state, income is distributed equally across individuals. Convergence, or lack thereof, is to be interpreted across "average individuals", one from each state. The long-run distribution of PCPI we obtain is bimodal. The emergence of polarization in the cross-section distribution of income across states and the corresponding twin-peakedness of the long-run distribution are relatively new phenomena. Quah (1996) and Johnson (2000) obtained unimodal longrun distributions using distribution dynamics techniques over 1948-1989 and 1948-1993 samples, respectively. We also consider the distribution dynamics weighted by the number of people within each state. Each state is now represented by a number of average individuals equal to its population; each individual is identical and has an income equal to the PCPI of that state. Our finding of polarization is attenuated after weighting by the population. The long-run distribution in this case is nearly single-peaked: While there is no convergence across states, there is evidence of convergence across people. Convergence across people is driven by the fact that states that are losing ground in the distribution of income also account for a declining share of the U.S. population.
To gain a deeper understanding of the evolution of income within the United States, we extend our analysis to the distribution dynamics across metropolitan (metro) and nonmetropolitan (nonmetro) portions of the states. Most metro portions start and end up with a relatively high level of income. Conversely, nonmetro portions tend to start and remain at lower levels of income per capita. Hence, the long-run distribution is twinpeaked. The high-income mode for all portions considered together corresponds to the single mode obtained by analyzing only metro portions. As in the analysis of the long-run distribution of income across states, we find that twin-peakedness disappears after weighting by the population. This occurs for two reasons. First, consistently metro and nonmetro counties account for a decreasing share of the U.S. population between 1969 and 2005: The portions of states most dissimilar account for a decreasing fraction of the 1 There is a vast and growing literature on regional convergence within countries and across regions in Europe. See Magrini (2004) for a survey of this literature; Rey and Janikas (2005) focus their survey on the spatial elements of regional convergence. Durlauf and Quah (1999) and Durlauf, Johnson, and Temple (2005) provide general surveys on the empirics of growth and convergence.
population. Second, counties that switched from nonmetro to metro-mostly suburban areas-experienced population growth and did not lose ground relative to metro per capita incomes. We interpret this as evidence of the importance of suburbanization, as opposed to rural economic development, as the driving force behind convergence.
The analysis of long-run distributions overlooks the time-series behavior of the convergence process. In order to analyze convergence over time, we compute the distance between the cross-sectional distribution for each year and the corresponding long-run distribution. For the metro/nonmetro distributions, we find that the distances increased during the 1980s and late 1990s and declined during the 1970s and 2000s. For the distributions across states, the movements just described are dominated by an increasing distance since the early 1980s. Finally, the population-weighted distribution across states moved closer to its long-run counterpart in the early 1970s, and apart between the mid-1970s and the late 1980s. It has remained at a stable distance ever since.
The rest of the paper is organized as follows. Section 2 describes the data and methodology used. Sections 3 and 4 analyze the dynamics of the distribution of income across states and their metro and nonmetro portions, respectively. Section 5 presents our findings on the time-series behavior of the cross-sectional distributions vis-à-vis the corresponding ergodic distributions. Section 6 concludes.
Data and Methodology
In this section we describe our data sources and the methodology used to assess convergence.
Data
We consider convergence of PCPI across the 50 U.S. states and the District of Columbia, 2 as well as their metro and nonmetro portions over the period from 1969 to 2005. The metro portion of every state comprises the counties belonging to metropolitan statistical areas (MSAs). The nonmetro portion includes the remaining counties.
Methodology
We assume that the distribution of income, in logs and relative to its cross-sectional average, evolves according to the following first-order process:
where f t denotes the density 4 at time t and g τ denotes the stochastic kernel relating the time-t and time-(t+τ) distributions. The ergodic distribution, f ∞ , solves
We estimate f ∞ non-parametrically as follows. The joint distribution g τ (y, x) is estimated by adaptive Gaussian kernel smoothing as described in Silverman (1986, chap. 5) :
i s e . (3) where h is the bandwidth, Κ is the bivariate kernel density (the normal density in this case), and { are the observed transitions. Each transition receives an equal weight, 1/N.
In the first stage we use a rule-of-thumb bandwidth (see Silverman, 1986, pp. 86-7) to obtain a pilot density estimate. In the second stage the bandwidth is inversely related to the pilot density estimated in the first stage. The conditional distribution is computed dividing the joint distribution by the marginal:
To compute the ergodic distribution we discretize equation (2): φ ∞ = φ ∞ Γ. The stochastic matrix Γ is obtained by discretizing the stochastic kernel, g τ . The vector φ ∞ is simply the eigenvector of Γ associated with the eigenvalue equal to one and f ∞ is recovered by undoing the discretization.
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In the following sections we consider as a benchmark a transition horizon of ten years, i.e., τ = 10. The non-parametric estimation technique described above extends easily to weighted transitions, stochastic kernels, and ergodic distributions. In particular, 4 We assume that the cross-sectional distribution can be described in terms of a density. See Azariadis and Stachurski (2003) or Quah (2007) for a discussion of the general case. 
In the analysis of the distribution dynamics, a unimodal ergodic distribution can be interpreted as a necessary condition for "global" convergence. 8 Conversely, the more pronounced the multi-modality of the long-run distribution is, the stronger is the evidence of polarization. A multi-modal ergodic distribution indicates that, in the long-run, there will be groups of cross-sectional units that tend to cluster at different levels of income. While there will be convergence within each group, there will be no convergence across different groups and, thus, there will be no global convergence.
To assess the evolution of the cross-sectional distribution of income we construct time series of the distance between the cross-sectional distribution at time t and the corresponding ergodic distribution. We estimate the cross-sectional distribution for every year, ˆt f , by univariate kernel smoothing. 9 Finally, we compute the L 1 distance from the estimated long-run distribution, f ∞ , and time-t distribution, ˆt f , as follows: 1969, , 2005 .
Convergence Across States
The analysis of regional convergence within the United States is a classical empirical exercise undertaken by many authors. In this section we reassess the common wisdom that there is convergence of income across states. In the literature on per capita income convergence for U.S. states two primary methods have been employed. 10 The most popular, although not necessarily preferred method, is the regression approach: Starting with the work of Sala-I-Martin (1991, 1992) authors have generally agreed there has been convergence between U.S. states (e.g., Holtz-Eakin, 1993; Garofalo and Yamarik, 2002) . Similarly, research employing time-series methods has found evidence of convergence between 1929 and 1990 (e.g., Carlino and Mills, 1993 , 1996 . Despite this consensus, Bernard and Durlauf (1996) note that neither methodology is likely to yield unambiguous conclusions about convergence: Each approach employs a different meaning of convergence and makes different assumptions about the properties of the data. Bernard and Durlauf show that cross-section tests can reject the null hypothesis of 7 It is possible to introduce weighting in the first stage of the estimation as well. However, this produces very narrow bandwidths and undersmoothing. 8 If there is low intra-distribution mobility, the cross-sectional units in the left (right) tail of the distribution will remain below (above) the unique mode. A long-run distribution where rich remain rich and poor remain poor is not consistent with convergence, even if most of the cross-sectional units have similar levels of income. 9 We adopt an adaptive Gaussian kernel smoother, weighting by the population in the second stage of the estimation when appropriate. 10 See Magrini (2004) for a complete summary of the literature on regional convergence. no convergence even for data generated by economies with different long-run steady states, and time-series tests may be invalid if the data are driven by transition dynamics. Quah (1993) notes, the main problem that has plagued the regression approach to convergence is that it gives little if not any information on the intra-distribution dynamics. Additionally, Rey and Janikas (2005) and Rey and Dev (2006) recognize that spatial effects can bias cross-sectional convergence measures. In order to resolve these problems authors have employed variants of the methodology laid out in this paper. Quah (1996) and Johnson (2000) have applied this methodology for convergence across states and, as noted earlier, both of these papers present unimodal ergodic distributions, implying convergence. More recently, Webber, White, and Allen (2005) use measures of concordance and find the shape of the (actual) distribution suggests that the states are converging. In contrast with the existing literature we find a bimodal long-run distribution. However, when we weight the transitions by the corresponding population single-peakdness is restored. Figure 1 portrays the ergodic distributions of PCPI across states, unweighted and weighted by population. The shapes of the ergodic distributions portrayed are robust to the perturbations described in Table 1 . Notice that the unweighted distribution is bimodal. The lowest mode corresponds to a PCPI 20.1 percent below the U.S. average. The highest mode is associated with a PCPI 3.8 percent below the cross-sectional average. The bimodal ergodic distribution in Figure 1 is in sharp contrast with the unimodal long-run distribution obtained by Johnson (2000) . (2007), we also consider the distribution dynamics weighted by the number of people within each state. The population-weighted ergodic distribution can be interpreted as the long-run distribution across people, as opposed to states. Notice that the implicit assumption is that all residents within each state have the same level of PCPI. The ergodic distribution of PCPI across people is still bimodal, but the low-income mode is much less pronounced. The standard deviation of the population-weighted ergodic distribution is 11 percent lower than the standard deviation of the unweighted long-run distribution. The average of the population-weighted distribution is closer to the U.S. average income than the average of the unweighted distribution is.
Convergence across people is driven by the fact that states that are losing positions in the income distribution are also losing population. 
Convergence Across Metro and Nonmetro Portions of States
To provide further insight into the dynamics of income within the United States, this section considers the distribution dynamics at a finer level of geographical aggregation, i.e., the metro and nonmetro portions of each state. The common wisdom is that there is convergence within metro and nonmetro regions, but not between them (e.g. Carter, 1999, 2005; Hammond, 2004 Hammond, , 2006 . Figure 2a portrays the contours of the stochastic kernel 13 for the metro portions of states (black lines), together with contours of the stochastic kernel for all portions of states (gray lines). Figure 2b contrasts the stochastic kernel for all portions (gray) and the one for nonmetro portions only (black). All three stochastic kernels have most of the mass along the 45º line, implying high persistence. Most of the transition for nonmetro portions start and end up with a relatively low level of income, i.e., the mass is concentrated on the bottom-left corner in Figure 2b . Vice versa, metro portions tend to start and remain at levels of income higher than the U.S. average. The ergodic distributions associated with the stochastic kernels discussed above are portrayed in Figure 3 . When metro and nonmetro portions are considered together, the long-run distribution is bimodal. The two modes correspond to PCPI values of 17.1 and 0.3 percent below the U.S. PCPI, respectively. For metro portions only, the ergodic distribution is single-peaked with a maximum at 1.3 percent above the U.S. PCPI. On the other hand, the long-run distribution of PCPI across nonmetro portions of states is twinpeaked. The two peaks are located at values of income 21.2 and 34.9 percent below the national average. 14 13 The contour lines in Figure 2 are curves along which the corresponding stochastic kernel has a constant value. A section of the stochastic kernel along the "Period t+10" axis at a given "Period t" value is the distribution of PCPI at time t +10, conditional on the time-t value. 14 We checked the robustness of the results discussed above against the perturbations in Table 1 . Data availability does not allow us to consider the extended sample 1948-2005 for metro/nonmetro regions. Figure 4 contrasts the ergodic distribution across metro and nonmetro regions with the long-run distribution across people in those regions. The latter distribution is unimodal and has a 9 percent lower standard deviation. The mode is very close to the nation-wide average PCPI. This long-run behavior is likely a result of population movements, which we explore further.
Using county-level data, we are able to identify the counties that experienced significant population growth over the sample, specifically those counties that were reclassified from nonmetro to metro (henceforth, transition counties). In 1973 the average PCPI of these transition counties reached a high point of 85 percent of metropolitan areas; by 2005 these counties' average income declined slightly to 83 percent, relative to those counties that were metropolitan over the entire sample. Conversely, in 1973 the counties that remained nonmetro over the entire sample had an average PCPI of 87 percent of that of metro areas. By 2005 the areas that remained nonmetro had seen their average PCPI decline to 74 percent of that of the metro areas. These two different experiences suggest that urbanization has slowed the rate of divergence. 
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Convergence in Time
The analysis of long-run distributions overlooks the time-series behavior of the convergence process. Several authors have argued that convergence, or lack thereof, is not a smooth process in time. With respect to convergence across states, Coughlin and Mandelbaum (1988) Nissan and Carter (1999) identify the 1970s and the 1990s as periods of convergence. On the other hand, Nissan and Carter (2005) determine that convergence occurred only in the early portion of the 1970s and there was "significant divergence [between metro and nonmetro regions] thereafter."
In this section we describe the behavior of the distances between the crosssectional distributions of PCPI in every year and the long-run distributions estimated in the previous sections. All distances are computed using equation (5). Figure 6a portrays distances of the distributions of PCPI across states from their long-run counterparts discussed in Section 3 above. The solid black line is the distance for the unweighted distributions; the dashed gray line is the distance for the populationweighted distributions. The distribution across states moves closer to its long-run counterpart in the late 1970s. Since the early 1980s the cross-sectional and the long-run distribution have moved apart. This general diverging trend was mitigated by episodes of convergence in the early 1990s and early 2000s. The distribution across people in states approached its long-run counterpart in the early 1970s, diverged from it between the mid1970s and the late 1980s, but it has remained at a roughly stable distance ever since. Figure 6b shows that the evolution over time of the cross-sectional distributions across metro/nonmetro portions of states and across people in metro/nonmetro areas: Both cross-sectional distributions moved closer to their long-run distributions in the late 1970s, the early 1990s, and the early 2000s.
Notice that the trends outlined in Figures 6a and 6b do not necessarily correspond to the periods of convergence/divergence within the cross-sectional distributions analyzed by Coughlin and Mandelbaum (1988) and Webber, White, and Allen (2005) for states and by Carter (1999, 2005) for metro and nonmetro regions. For example, a declining distance over time does not imply convergence across states or metro/nonmetro regions. Instead, it simply reflects that the cross-sectional distribution is becoming closer to the ergodic distribution. When the ergodic distribution is multimodal, this could be associated with states or metro/nonmetro regions diverging from each other.
Conclusions
We have examined the convergence of per capita personal income across U.S. states and across metro and nonmetro portions of states. A common theme is that, while there is no convergence across geographical units at either level, there is convergence across people.
Contrary to previous results of convergence across states, our finding is of a bimodal long-run distribution. When population-weighting is introduced, we obtain a nearly unimodal ergodic distribution. In other words, convergence across people is driven by the fact that states climbing ranks in the distribution of income are also attracting a larger share of the population.
Regarding the metro and nonmetro portions of states, there is a strong case for club-convergence. Metro portions of states will converge to incomes near the national average, while nonmetro portions will converge to lower incomes. The long-run distribution across people, however, is consistent with convergence. The driving force behind convergence across people is urbanization. Core metro portions of the states tend to grow faster than the national average, but their population share is declining. Conversely, consistently nonmetro portions experience income and population declines. The portions of the states that gained in population share are those that became parts of MSAs over our sample, typically as a result of suburbanization. Also, the average income of these transitioning portions of states remained closer to the national average.
Our results provide evidence that the idea of preserving rural economies while achieving significant gains in per capita income (or slowing divergence) in the long run appears to be far-fetched. These results also support the ideas of Gottmann (1961) and Lang and Dhavale (2005) that cities that are expanding, running into small towns, and merging into "super cities" will form the engine of economic growth in the future.
